Abstract. In this paper we propose a clustering algorithm called s-Cluster for analysis of gene expression data based on pattern-similarity. The algorithm captures the tight clusters exhibiting strong similar expression patterns in Microarray data, and allows a high level of overlap among discovered clusters without completely grouping all genes like other algorithms. This reflects the biological fact that not all functions are turned on in an experiment, and that many genes are co-expressed in multiple groups in response to different stimuli. The experiments have demonstrated that the proposed algorithm successfully groups the genes with strong similar expression patterns and that the found clusters are interpretable.
Introduction
Many clustering techniques in bioinformatics have been applied to analyze gene expression data. Most clustering models [4, 1, 8, 10, 7, 9] are distance based clusterings such as Euclidean distance and cosine distance. However, these similarity functions are not always sufficient in capturing correlations among genes or conditions.
To remedy this problem, the bicluster model [2] uses a similarity score to measure the coherence of genes and conditions in a sub matrix of Microarray data. Wang et al. [11] proposed an algorithm to find all (maximum) submatrices such that they are δ-pClusters.Liu et al. [5] introduced a u-Cluster model to capture the general tendency of objects across a subset of dimensions in a high dimensional space. In reality, errors are unavoidable in biological experiments and perfect pattern matching in Microarray data may not occur even among known coordinately regulated genes. In this paper, we will present a model which tolerates such possible errors in the data. Our proposed algorithm is simple, interpretable, and deterministic. The proposed algorithm is distinct from δ-p Clustering model in that it is a full space clustering model and allows dissimilarities, possibly caused by experimental errors, in clusters while δ-pClustering does not.
s-Clusters
We define s-clusters by a threshold as the minimum proportion of conditions in which genes have the similar express. Our model does not cluster all genes and allows clusters to overlap. The resulting clusters are tight. A tight cluster is better for refining a hypothesis.
Model
The original gene data matrix is first normalized. Gene-condition expression data is represented as a n-by-p matrix where each entry xij denotes the expression level of the ith gene in the j th condition (where i = 1,...,n and j = 1,...,p).
The new standardized data matrix Z is obtained by converting the raw values to z-scores, and it will be used for the following clustering analysis. The mean of z-scores in each row is zero. In the s-Cluster model, one gene can be in several different clusters. In other words, the clusters are not exclusive. This is very meaningful in the underlying biological processes in which many individual genes are co-expressed in multiple function groups in response to different stimuli.
Algorithm
The algorithm contains three phases: (1) preprocess the data into a normalized data matrix. The mean and mean absolute deviation are calculated for each row, and are then converted the raw data into zscores;(2) find similar gene pairs. We go through the z-scores data and identify all similar gene pairs according to Definition 1; (3) form all s-Clusters. construct a graph where every gene is represented as a vertex, and two similar genes as an edge. s-Clusters can be viewed as the cliques in this graph according to Definition 2. We design an algorithm similar to Bierstone's algorithm [6] to generate all maximum cliques, interesting s-Clusters.
In general, finding all maximal cliques in a graph is NP-complete. The algorithm can enumerate all maximal cliques efficiently only when the equivalent graph is sparse, i.e. edge density is low. Edge density of a gene graph is usually very low since there are not many genes expressing similarly across most conditions. Therefore, this method produces good results with high efficiency in Microarray data.
A simple heuristic to set δ is outlined as follows. It is set high initially, and then is reduced gradually. When the visual inspection of similarity of gene expression patterns in clusters is unacceptable, the process stops. The setting of α is straightforward since its meanings is clear.
The definition of similarity in this model is more strict than that in most other clustering models. As a result, the clusters of this model are usually very tight, including much fewer genes than clusters from other models. We do not intend to find regular clusters to group all genes, but to find small groups of genes that exhibit strong similar expression patterns. We find that these clusters are very interpretable.
Experiments
We apply the s-Cluster algorithm to yeast Saccharomyces cerevisiae cell cycle expression data from Cho et al. [3] . The yeast data contains expression levels of 2,884 genes under 17 conditions. The data set is organized in a matrix where each row corresponds to a gene and each column represents a condition. Each entry represents the relative abundance values (percentage of the mRNA for the gene in all mRNA) of the mRNA of a gene under a specific condition, which is scaled into an integer in the range of 0 and 600. We conducted the experiment with the parameters of δ = 0.8 and α = 0.8. A total of 1764 s-Clusters with a minimum size of 5 was generated by the algorithm. Clusters of four or fewer genes were ignored. The 1764 s-Clusters covered 453 genes, or 15.7% of the 2884 genes. This method only groups some interesting genes, which express coherently with other genes. All clusters are highly overlapping, and this captures a biological fact that some genes participate in a number of functions.
Gene
There are 15 members in the s-cluster #111 in Figure 1 , 12 genes of which are related to DNA synthesis and replication, and 3 genes (YBR089W, YDL003W, ULR183C) are unknown. This raises the possibility that the 3 genes are also related to DNA synthesis and replication. Figure 1 shows genes in this s-Cluster in details.
Our findings are interesting when compared with those of Tavazoie et al. [8] . Our 15 members in sCluster #111 are all in the cluster #2 discovered by Tavazoie et al.. Their cluster #2 contains 186 genes which are related to four functions: DNA synthesis and replication, cell cycle control and mitosis, recombination and DNA repair, and nuclear organization. Our approach successfully subcategorized Tavazoie's cluster #2 into several smaller sized s-Clusters containing genes which are clearly related to one of the four functional categories. This indicates that the s-Clusters are more tightly grouped and more interpretable than the clusters from the alternative analysis approach.
